Abstract: Technological innovation has made extraction of natural gas from deep shale formations economically viable. While unconventional shale gas development is seen as an economic benefit, concerns have been raised about the environmental and health risks associated with the extraction process. We combine GIS data on unconventional shale gas development in Pennsylvania and Ohio with household data on bottled water purchases to assess the impact that perceived risks to drinking water from unconventional shale development have had on household well-being using a treatment effects design. In our preferred triple difference models with timevarying treatment effects, we find per household averting expenditure in 2010 ranges from $10.74 in our full sample specification to $15.64 when omitting urban counties more likely to contain public water supplies. Converting the sample-average averting expenditure of $10.74 to an annual expenditure for the entire affected population implies an averting expenditure in Pennsylvania shale counties exceeding $19 million for the year 2010. 
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1. The rate of natural gas production from shale has risen over the last decade in the United States. In 2005, gas from unconventional sources accounted for only 4.1% of total US production; by 2010 it had reached 23.1% (Wang and Krupnick 2013). riod were underground injection (into Class II injection wells) and shipment to local wastewater treatment facilities. In the latter case, the ability of local facilities to remove fracking contaminants from wastewater before it was discharged into local streams and rivers raised the specter of surface water contamination, as many local facilities were ill equipped to handle the residual chemicals in the fracking water. 3 In the first systematic study of this threat, Olmstead et al. (2013) used spatially explicit water quality data from Pennsylvania and looked at the impact of the release of treated shale gas waste by permitted facilities on observed downstream concentrations of chloride. The authors found that the treatment of shale gas waste by wastewater treatment facilities in a watershed raised downstream chloride levels as a result of excess brine remaining in the discharge water. In addition, they found that runoff from the actual drilling sites raises the level of total suspended solids in waterways downstream from the well site.
Whether water contamination occurs in any systematic fashion is a hotly debated topic (Osborn et al. 2011; Saiers and Barth 2012; Warner et al. 2012; Darrah et al. 2014) . Nevertheless, even the perception of risk can have an impact on human wellbeing insofar as it affects the choices people make to reduce these threats. Averting behavior is likely as households attempt to protect themselves when faced with both realized and perceived environmental or health risks. The key challenge in identifying this change in behavior is establishing a baseline for which to measure the magnitude of altered behavior. In the case of drinking water contamination, a natural substitute for drinking water is prepackaged water, which is readily measurable through scanner data. Changes in purchasing patterns, if observed and driven by exogenous forces, allow us to gauge the pathways by which risks translate into changes in well-being. 4 One way to establish a baseline, and a general understanding of how the relationship between Marcellus shale gas development and perceived water-related risks may have changed over time, is to use Google Trends and plot search data related to shale gas development. In figure 1, we have plotted two monthly data series for our study period obtained from Google Trends' searches of "Shale" (top portion of fig. 1 ) and "Fracking" (bottom portion of fig. 1 ). Both the top and bottom panels include 3. During our study period local wastewater treatment facilities handled significant amounts of wastewater from Marcellus shale gas development. However, since 2010-11 this trend has changed, and now most of that water is recycled with very little going to local facilities. This is not the case with the fracturing of other shale formations, such as the Utica. We thank a reviewer for pointing this out.
4. Other possible averting behaviors could include installing water filters or arranging for regular water deliveries. Even the sale of one's house can be seen as a form of averting behavior. If the threat of drinking water contamination is large enough to induce some households to sell their home and re-sort, then the simple change in capitalization, while not a measure of willingness to pay, can be reframed as another lower-bound measure of averting behavior. individual data series from Pennsylvania and Ohio, plotted in relative terms. From this figure, it is clear that both search terms show much more search activity in Pennsylvania than in Ohio, and that online interest significantly increased in the last 2 years of our study period, which is what we would expect given that this is when most of the wells and drilling activity took place in Pennsylvania.
While these search terms are broad and likely include both positive and negative search motivations, they nevertheless suggest a pattern of online search activity in Pennsylvania related to shale and fracking during our study period. While there is some search activity in Ohio, relative to Pennsylvania the magnitude of this activity is small. Thus, figure 1 provides some anecdotal evidence that the general population was interested in shale-related issues, both positive and negative, and that this interest was significantly heightened in Pennsylvania (our treatment state) relative to Ohio (our control state), especially in the latter years of our data.
A number of recent papers using data on well locations and home sales have looked at the impact of shale gas development on changes in property values (Boxall, Chan, and McMillan 2005; Muehlenbachs, Spiller, and Timmins 2013; Klaiber and Gopalakrishnan 2014; Muehlenbachs, Spiller, and Timmins 2014) . These papers find that, while the effect of shale gas wells on property values varies with the location and type of property, there is a negative capitalization effect for properties in close proximity to wells without access to public water. Specifically, using data from Pennsylvania and New York, Muehlenbachs et al. (2014) estimate a treatment effects model similar to ours and find that properties on well water and located 1.5 kilometers or closer to a shale gas well see their property values drop, on average, by between 10% and 22.4%. To the extent that changes in property values reflect changes in risk perceptions, these findings suggest that shale gas development has a negative impact on economic well-being for nearby residents.
While home sales and changes in property values provide one method to gauge the reaction of households to changes in the risks associated with shale gas development, it is also likely that a household will alter its behavior in a more subtle way. A common method employed by households to guard against threats from contamination is through changes in the types of goods and services they purchase. In the case of threats to private water supplies, households typically search for alternative sources of water.
Potable water is a fundamental input into most household production functions. It is expected that when the threat of contamination to a household's water supply increases purchases of bottled water will increase. If the researcher is able to observe these changes, then increases in bottled water purchases provide an estimate of the economic benefits of policies designed to reduce the threat to drinking water supplies. A number of recent papers have applied a similar logic and examined threats related to mercury (Shimshack, Ward, and Beatty 2007) , water quality violations and advi-sories (Abdalla, Roach, and Epp 1992; Graff Zivin, Neidell, and Schlenker 2011) , hurricanes (Shimshack and Beatty 2014) , and risk perceptions related to water contamination ( Jakus et al. 2009 ).
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Our paper builds on this previous work and examines how yearly household purchases of bottled water have changed as unconventional shale gas development has increased in recent years. The focus of our research is on the impact that positive levels of shale gas development, at the county level, have had on household purchasing decisions. Since we do not directly observe actual water-quality violations, and our data do not allow us to link each household to a specific well, 6 we classify risks as perceived and assume that changes in household decision making are directly associated with the potential threat of water contamination related to increases in the intensity of shale gas development at the county level. The existing research on possible shale well contamination of both private well water and public water supplies suggests that households across a large area are likely to perceive these types of risk. Exploiting spatial and temporal variation in well activity and purchasing patterns, our data and methodology enable us to identify changes in these risk perceptions and how these changes affect household purchases of bottled water.
To evaluate the impact that unconventional shale gas activity has had on household bottled water purchases, we estimate variants of two separate treatment effects models (DD and DDD models). To estimate each model, we use data on household bottled water purchases for the years 2005-10 defining the pretreatment period as 2005 and 2006 and the posttreatment period as 2007-10. These periods are chosen both because of data availability and because they bound the rapid expansion of unconventional shale-gas development in the Marcellus region of Pennsylvania in 2007. In each model, we hypothesize that a binary treatment effect, as defined by a positive level of unconventional well activity in a given county, affects the perceived risks of households living in shale gas counties. For the DD models, we compare shale active counties in Pennsylvania with similar counties in Ohio that had not yet experienced shale activity as of 2010 but have experienced this activity as of 2015. For the DDD models, we add information on non-shale counties in both Pennsylvania and Ohio to control for potentially unobserved time-varying trends in water expenditure across the predominately rural and mountainous shale counties and the more urban, less mountainous non-shale counties in each state. The results from a wide variety of model specifications reveal that households in shale active (treatment) counties increase yearly bottled water purchases relative to control counties.
5. This entire line of reasoning follows from the idea that bottled water is safer and cleaner than the alternative. However, if people are concerned that the filtering process for bottled water makes it less safe, then this could dampen the impact from bottled-water purchases.
6. While we have household-level observations on bottled-water purchases, the lowest spatial resolution in the data is at the county level.
The remainder of the paper proceeds as follows. In the next section, we provide a brief discussion of the theory of averting behavior and describe the empirical framework used to construct our lower-bound welfare estimates. Section 2 describes the data used in the model, section 3 presents our main results and series of robustness checks, and section 4 concludes.
THEORY AND ESTIMATION
Averting behavior arises from a household optimization problem where each household chooses inputs into a production function in order to produce optimal outcomes for the members of the household. In cases where the household is exposed to potentially toxic or harmful substances, the household engages in defensive expenditures designed to protect itself from these risks (Bartik 1988) . In some cases the pathway from toxic exposure to a particular health or environmental outcome is explicit, with each household choosing an optimal level of environmental quality based on its preferences. In other cases, however, the actual demand function for environmental quality is not available.
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In our data, we do not observe a direct connection between changes in water quality and an increase in shale gas development. Moreover, the actual relationship between water contamination and unconventional shale gas development is largely uncertain, which makes the specification of a theoretical demand function for environmental quality problematic. As a result, we follow previous research ( Jakus et al. 2009; Graff Zivin et al. 2011) and assume that risks from shale gas development are implicitly related to the existence of well activity at the county level-that is, we assume that a households' risk perceptions and their decision to undertake defensive expenditures are affected by being located in a county that is currently subject to unconventional shale gas development.
Based on the theory in Bartik (1988) , our goal is to generate an estimate of the nonmarket costs of increased risk perceptions from shale gas development. Ideally, this estimate would include all defensive measures (bottled water purchases, household water filtration systems, on-site water tanks, etc.) that households take to avert risks from shale gas activity. Our data, however, only include households' purchases of bottled water, so we use these data for our measure of household averting expenditure with the caveat that they only provide a lower bound on the potential measures households take to avoid potential risks associated with shale gas development.
To empirically implement our model of averting expenditure, we assign each household a binary level of risk exposure, or treatment, from unconventional well drilling 7. In most cases the researcher only observes the final choices the household makes or expenditures before and after a change in exposure and not the explicit pathway between changes in purchases or expenditure and how those affect the actual choice of environmental quality by the household. based on whether the household is located in a county with a positive level of unconventional shale gas development. We then use this county-level treatment to estimate our DD and DDD models based on these county-level treatments. We include a large set of time-varying demographic controls, including income, age, and education status to account for potential factors driving the household's purchase decisions related to potential shale gas risk. 8 We address the issue of potentially unobserved household attributes in all of our models by including time averages of our independent variables to control for household-level unobservables (Mundlak 1978) .
In the first set of treatment effects models, we use household purchase data from Pennsylvania and Ohio in counties that have experienced shale activity as of 2015 to define treatment and controls. As our data spans the years 2005-10, we define control counties in Ohio as those that had not yet experienced shale activity by 2010, but have as of 2015. Treatment counties are defined as those in Pennsylvania that experienced shale activity by the end of our data in 2010. Using this division of counties into treatment and control, the empirical specification for our DD model is given by
where y it is yearly bottled water expenditure by household i, x it is a vector of demographic characteristics for the household, h i are means of household demographics, d t are year dummy variables, and PA is an indicator for shale gas (treatment) counties in Pennsylvania, which captures possible differences between the treatment and control groups prior to treatment. To form our difference-in-difference estimator, we include an interaction between an indicator for the posttreatment period (2007-10), which captures aggregate changes in household bottled water purchases that are unrelated to the treatment, and an indicator variable for Pennsylvania, which are the treatment counties in the DD model. The coefficient, δ 2 , which captures this interaction between the Pennsylvania treatment group and the posttreatment time period, represents our DD treatment effect estimate. In our second set of specifications, we extend the DD model in equation (1) to account for potentially time-varying , nonrural unobservables that could bias our DD results. While the rural and mountainous areas of Ohio and Pennsylvania are very similar in their demographic composition and pretreatment purchase trends (see below) and thus provide good treatment and control comparisons in our DD specifications, they are quite different from the more urban and agricultural areas of the rest of each state. As a result, it is possible that other state-specific, nonrural changes in water con-sumption, unrelated to shale gas development, but occurring simultaneously with its development, could affect our DD results. To account for this, we use the counties in each state that are not in shale areas as an additional set of controls to form a third difference. These counties serve as an additional control to account for state-level and nonrural unobservables and achieve the third difference in our DDD models. The spatial distribution of the four groups of counties used in our DD and DDD models is shown in figure 2 .
Using data from the entirety of Ohio and Pennsylvania, we estimate a series of DDD models given by y it 5 δ 1 HasWell 1 δ 2 HasWellPost2006 1 δ 3 PA 1 δ 4 PAPost2006 (2) where the new variable, HasWell, is an indicator for shale counties in Ohio and Pennsylvania, PA is an indicator for counties in Pennsylvania, and PAHasWell, HasWell Post2006, and PAPost2006 are formed by additional interactions. Our key treatment effect variable is obtained by an interaction between the dummy variable for well counties, the posttreatment period dummy, and a state-level indicator for Pennsylvania. The coefficient on this term, δ 6 , represents our DDD estimate.
Finally, we extend the DDD model above to examine whether the impact of welldrilling activity changed over time as unconventional shale gas exploration became more widespread. While unconventional shale gas development started in 2007 in Pennsylvania, the majority of the wells that were drilled during our study period occurred in 2009 and 2010. 9 To control for the potentially positive association between risk perceptions and the expansion of activity across our study area, we interact each of our tripledifference treatment variables with a set of time fixed effects for 2006-10 to estimate the impact that increased well activity in Pennsylvania had on household-level defensive expenditures-that is, the treatment counties stay constant and the impact of increased drilling activity is identified through changes in county-level intensity over time relative to the base year of 2005 (Yearly DDD). This time-varying treatment allows us to identify the effect that increased drilling has had on household risk perceptions and is captured by replacing the treatment effect term in equation (2) with a series of time-varying effects given by
Figure 2. Treatment and control groups for the DD and DDD models. This figure shows the counties in Pennsylvania and Ohio used in creating the treatment and control groups in the DD and DDD models in the paper. Non-well counties are defined as counties that never had unconventional gas development. Well counties are defined as counties that either had drilling during our study period (post-2006 for Pennsylvania) or had drilling after our study period (post-2011 for Ohio). We also conduct a wide range of robustness tests using specifications designed to examine the role of spatial and temporal heterogeneity in treatment effects. In particular, we examine whether spatially driven heterogeneity in treatment results in different levels of defensive expenditure. To address this, we separate the treatment effect into three distinct treatments based on the total number of wells drilled in each county. We would expect an increase in the number of wells drilled in a given county to result in higher averting expenditure as households in these counties are more likely to live near an active well and thus more likely to perceive changes to their risk status. We estimate both the Yearly DDD model and DDD model with different treatment effects based on drilling intensity using the full data set and a reduced data set where we drop all metro counties. Omitting metro counties allows us to examine whether more rural counties, likely more reliant on private well water as opposed to public water supplies, experience a differential level of averting behavior relative to the entire sample of counties. Finally, we conduct a series of robustness checks aimed at controlling for income effects in shale-gas counties, spillover effects between treatment and control counties, and price effects associated with potential changes in the price of bottled water during our study period.
DATA
The data used in estimating our models come from several different sources. fig. 2 .) Similarly, we obtain location data on well activity in Ohio from the Ohio Department of Environmental Protection. Using these data, we attach each well to a specific county and use county-level well counts to create the treatment and control variables in our empirical models.
Our data on household bottled water purchases come from the Nielsen Corporation's consumer HomeScan panel data set. These data record all food and beverage transactions for a sample of US households in each year from 2005 to 2010. 10 We chose the years 2005-10 based on the size of the sample, its geographic coverage, and, most importantly, the ability of the data to bound the start of unconventional shale gas development in the state of Pennsylvania. HomeScan data are available before 2005 and after 2010, but the early years for these data are significantly limited in 10. Households in the HomeScan data are provided a scanning device and use it to scan all food and beverage purchases made by the household in a given year. These data are transmitted to Nielsen, who aggregate the data and sell them to vendors. We obtained these data via a cooperative agreement between Penn State University and Kilt's Marketing Center at the University of Chicago. size and geographic scope, limiting their ability to capture rural households; the latter years overlap with the start of drilling in Ohio, limiting their use in our DD and DDD models. To create our yearly bottled water data, we identify all households from the HomeScan data that are located in either Pennsylvania or Ohio. We then sum all bottled water expenditures made by each household in a given year, stack these data over time, and merge the data with yearly household demographic characteristics based on a unique household ID. Finally, we combine this information with yearly well data using a county ID variable for each household.
The HomeScan data contain not only information on household purchases but also a large set of demographic characteristics, including household size, income, education level, and age. These demographic characteristics are time varying as households fill out updated information each year. The demographic variables used in our treatment effects models are shown in table 1. While the HomeScan data are designed to provide a representative sample of US households and many households appear in the data in more than one year, these data do not represent a traditional panel data set as some households enter and exit the data set during our study period. For example, about 20% of households appear only once during our 6-year study period and 25% of households appear in all 6 years. To estimate the DD and DDD models in this paper, we drop all households that appear only once and use data for households with two or more observations, which allows us to include time-averaged household variables in each model. After excluding these households, our final data set contains 27,544 observations across 7,120 households for the years 2005-10 in Pennsylvania and Ohio; the counts of households across all of the different sets of treatment and control groups are shown in table 1.
To provide an additional statistical comparison between the demographic controls variables and how these change across the different treatment and control groups, the final two columns of table 1 show the coefficient values and indicators for statistical significance from a set of regressions run using the individual demographic controls and the DD and DDD treatment effects variables from equations (1) and (2). We estimate the DD and DDD treatment effects for the continuous variables using a standard ordinary least squares (OLS) model, and we estimate binary variables using a probit model. For the DD results, we find that income, age, and race (black) are significant; for the DDD model only age and race (other) are significant. Overall, the results from these models suggest that changing demographics are unlikely to be a major driver of bottled water expenditure and suggest that our pretreatment trends in demographics are quite consistent across treated and control groups of households.
To provide additional context for the HomeScan data and its representation of the populations of households in Ohio and Pennsylvania, in table 2 we compare a number of the variables from our purchase data with variables from the Census data (2008-12) for Ohio and Pennsylvania. While the HomeScan data appear to be more heavily weighted toward higher educated households than the Census, for most of the vari-ables the HomeScan and Census data are very similar, which suggests that they provide an adequate representation of households in our study region. When interpreting our results, if more highly educated households are potentially more responsive to perceived water quality risks, the slight difference in demographics between HomeScan and Census could suggest that our estimates represent slightly elevated levels of averting expenditure compared to the overall Census population.
RESULTS

Difference in Differences
One of the key identifying assumptions in any DD model is that treatment and control groups exhibit similar trends in the dependent variable prior to any intervention or change in policy. For our DD model, this implies that average household expenditure in 2005 and 2006 for shale gas counties in Pennsylvania and Ohio follow a similar trend. The absolute values of these average values do not need to be the same, but the trends in average total bottled water expenditure for the pretreatment years need to follow a similar path.
To provide motivation for our DD econometric estimates, figure 3 displays the regression lines associated with biannual average household expenditure data for well counties in Pennsylvania and Ohio in the pretreatment period (2005 and 2006) and posttreament period . From this figure, it is clear that the trend in bottled water expenditure, while increasing, is largely the same between Pennsylvania well counties and our control group of Ohio well counties in the pretreatment period. However, after the onset of shale activity in 2007 we see a significant deviation in trends across well counties in Pennsylvania and Ohio. While all areas experience slight declines during this period, likely due to the recession, the rate of decline in Pennsylvania well counties is much more muted than the declines in the control counties. In fact, in year 2008 the control county line actually declines at a fast enough rate relative to our treatment counties that it crosses and remains below the level of expenditure in shale-treated counties throughout the remainder of our study period. Table 3 provides a numerical summary of average annual expenditure across time that largely mimics the results in figure 3. Comparing expenditures for treatment and control counties, we see a much more substantial increase in county-level expenditure in treated counties in Pennsylvania than in control counties after the onset of shale activity. The per-household expenditure increases by 75% in treated well counties in Pennsylvania and actually decreases by 12% in control well counties in Ohio.
The results from three DD models are shown in table 4 that correspond to equation (1). The standard errors are robust and clustered at the county-by-year level. 11. The standard errors in all models are clustered at the count-by-year level (two way). We also estimated the models clustering at the county level and obtained similar results. We thank an anonymous reviewer for pointing this out.
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Wrenn, Klaiber, and Jaenicke 791 Each of these models recovers a single estimate of the impact of shale gas activity on bottled water purchases. The first set of results presents a baseline model that omits household demographics, the second model adds a wide range of household demographic control variables contained within the Nielsen data set, and the final column includes a full set of household demographics as well as household means to control for unobservable household characteristics. Across all three models, the impact of shale activity on bottled water expenditure ranges from a high of $10.10 in model 1 to a low of $7.85 in model 3. In all cases this result is significant at the 95% level or above.
Difference in Difference in Differences
One concern with using DD models estimated with data from only shale-gas counties, to draw conclusions about averting behavior from bottled water purchases is that these counties are largely rural and mountainous and quite different from the non-shale, urban, and agricultural counties in the remainder of each state. This is partially evident from the group-specific demographic variables in table 1, with lower incomes and fewer college graduates in well counties. Moreover, it is possible that bottled water purchases within well counties in each state may be systematically different because of changes in income, wealth, or other state-level unobservables not accounted for using treatment and control groups from different states. A more robust alternative to the DD model would include all non-well treatment and control counties from Pennsylvania and Ohio and estimate a DDD model to account for any time-varying, state-level urban and agricultural unobservables. Once again, one requirement for the implementation of our DDD model is that the trends in the treatment and control groups in the well and non-well counties follow similar trends-that is, the treatment and control groups for well counties follow a similar pretreatment trend and treatment and control groups for non-well counties do the same. In figure 4 , we extend the results from figure 3 to include the plots of average total biannual expenditure for each of the four groups in the DDD model. We can see that the treatment and control groups for the non-well counties follow a similar trend in the pretreatment period; the results for the well counties are the same as in figure 3 . For the non-well counties the paths are roughly similar throughout. The full set of yearly average expenditure results are shown in table 3. fig. 2 for description) . The values are generated by taking the average of biannual household bottled water expenditure for households located in each group. The vertical line in the figure shows the cutoff date (post-2006) when unconventional gas development began in Pennsylvania.
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Wrenn, Klaiber, and Jaenicke 795 Table 5 presents the empirical estimates from our DDD model in equation (2). As was the case with table 4, the first set of results presents a baseline model that omits household demographics, the second model adds household demographic controls, and the final column includes household means to control for unobservable household Note. This table summarizes the data on yearly household bottled water expenditure. The first part gives the count of well and non-well counties in Pennsylvania and Ohio; the second part displays mean household expenditure ($) by year for each group; and the last section shows the number of households in each group in each year. Note. The dependent variable in each model is yearly household expenditure on bottled water. The coefficients are estimated using the model in eq. (1). The averting expenditure value from each model is generated from the coefficient on the DD variable. Model 1 is a standard DD model without household demographics or household means (Mundlak variables), models 2 and 3 both include household demographics, and model 3 includes Mundlak effects. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
characteristics. The results from table 5 suggest a limited role for unobservables that could potentially bias our prior results. The estimated treatment effects from the DDD model range from $9.02 to $7.85, which are largely consistent with the range in table 4. However, to maintain consistency and robustness throughout the remainder of the paper we will continue to report estimates using our preferred DDD model. In table 6, we examine the role of spatial heterogeneity among rural and urban water users by omitting metropolitan counties from our analysis. For each of the models in table 6, we estimate our DDD model after dropping observations for the city center counties of Cincinnati, Cleveland, Columbus, Philadelphia, and Pittsburgh. Compared to the full-sample results in table 5, the results in table 6 show that isolating Figure 4 . DDD trends in average biannual expenditure for well and non-well counties Pennsylvania and Ohio. This figure shows the trend lines for average household bottled water expenditure for well and non-well counties in Pennsylvania and Ohio (see fig. 2 for description). We use these divisions in constructing the treatment variables in our DDD models. The values are generated by taking the average of biannual bottled water expenditure for households located in each group. The vertical line in the figure shows the cutoff date (post-2006) when unconventional gas development began in Pennsylvania.
averting expenditure to largely nonurban, rural households results in an increase in average total expenditure. Averting expenditure from these models ranges from $10.88 to $9.58. This result likely follows from the fact that a more rural sample of households is more likely to rely on groundwater as their primary water source and thus perceive greater risks compared to more urban households.
The rapid expansion of shale activity that occurred in Pennsylvania from 2007 to 2010 was not evenly distributed across counties (see fig. 2 ). Thus, it is likely that risk perceptions, in the form of increased willingness to pay for safety, were positively associated with increased drilling activity. It is also unlikely that the risk to drinking water was perceived uniformly across households located on private well and public water supplies. Extending the DDD models from tables 5 and 6, we expect that averting expenditures should be increasing in the level of shale gas activity occurring in a given county. We test this with two additional DDD specifications. We divide our treatment effects variable based on the number of shale gas wells drilled in each county in Pennsylvania to create three separate treatment effects variables with cutoffs at 35 and 135 wells based on the 50th and 75th percentile in the raw well count data. Using the full data set, we report these findings in table 7 and find that as the level of shale activity increases households averting expenditure increases from $7.46 to $10.00 across the three categories of well intensity. In addition, we find that in a model that omits metro counties averting expenditure increases further, and results range from $9.16 to $11.30 across the same intensity categories. These results confirm the hypothesis that rural households exhibit a greater degree of averting expenditure compared to the overall population.
In table 8, we extend our DDD specification to examine how the impact of increased well activity has changed averting expenditure over time. Following equation (3), we interact a dummy variable for Pennsylvania with a well county indicator and a set of time dummies to generate time-varying treatment effects. The inclusion of time-varying treatment effects is motivated by the rapid increase in shale gas exploration that occurred during our study period, most especially in 2009 and 2010. As we observed in figure 1 , the Google Trends data suggest that residents of Pennsylvania became increasingly interested in shale and fracking issues in 2009 and 2010. If this interest is at all related to concerns about water quality, then we could expect to see higher average expenditure values in the final years of our data.
The results in table 8 confirm this trend. We find that households in shale gas counties increase their purchases of bottled water relative to households in control counties. After dropping metro counties in the second column of results, averting expenditure increased to $10.71 and $15.64, respectively. These results provide further evidence of the role of increasing shale activity driving averting expenditure both spatially and over time as activity increased.
Additional Robustness
The results from our DD and DDD models demonstrate a robust and consistent result-specifically that the existence of Marcellus shale gas exploration in Pennsylvania during our study period led to an increase in yearly household bottled water expenditure. Moreover, based on theory and trends found in online data searches, it is likely that this resulted from increased perceived risks from ground and surface water contamination. However, it is still possible that other factors, not accounted for in the aforementioned models, could be biasing our results. In this section, we provide a series of additional robustness checks aimed at controlling for some of these additional factors.
In table 9, we estimate two additional variants of our time-varying DDD models. In the first column, we drop all non-well counties in Pennsylvania and Ohio that share a border with shale counties in Pennsylvania; in the second column, we drop both border counties and metro counties. The exclusion of counties that share a border with well counties in Pennsylvania eliminates the potential for spillover effects to affect our averting behavior estimates. Spillover effects may occur if residents in counties surrounding shale activity perceive risks of water contamination and respond to those risks through increased bottled water expenditure despite having no well activity in their counties. The results for these specifications largely mirror our previous findings with averting expenditure significant in years 2009 and 2010 and ranging between $10.11 Note. The dependent variable in each model is yearly household bottled water expenditure. The coefficients are estimated by eq. (2). The averting expenditure value from each model is generated using the coefficient value on the treatment effect variable. Model 1 is a standard DDD model without household demographics or household means (Mundlak variables) , models 2 and 3 both include household demographics, and model 3 includes Mundlak effects. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
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While all our previous results focus on overall expenditure consistent with the theory discussed in section 1 (Bartik 1988) , if shale counties experienced different trends in bottled water prices over time, compared with non-shale counties, it would be possible that these price changes are at least partially explaining our findings of increased expenditure. To gauge these potential price effects, table 10 presents results based our yearly DDD model but focuses exclusively on water volume, rather than overall expenditure, while controlling for the price per ounce of water in each year. The results from this model suggest that changes in prices are not the underlying driver of our findings. In fact, we find similar significance in the years 2009 and 2010, which, when converted to averting expenditure using the price per ounce of water, are actually slightly higher than our previous findings. For the full model, we find a 2010 Note. The dependent variable in each model is yearly household bottled water expenditure. The coefficients are estimated by eq. (2). The averting expenditure value from each model is generated using the coefficient value on the treatment effect variable. Model 1 is a standard DDD model without household demographics or household means (Mundlak variables), models 2 and 3 both include household demographics, and model 3 includes Mundlak effects. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
12. One additional concern is whether households leave, or sort out of, treatment counties after the onset of drilling, which would lead to sample attrition and nonrandom sampling in treatment counties. To test for this effect, we again estimate our border model (dropping border and metro counties), but with two additional restrictions: (1) we keep only households in treatment counties that show up in the data both before and after the start of drilling and (2) we keep only households in treatment counties that show up in the data in every time period. We have included these results in the appendix, table A1. We further test for sorting; we estimate a Probit model for a household's presence in the sample taking a value of one if present and zero if absent. The sample includes a balanced (squared) panel data set of all households observed in the pretreatment time period. Results indicate no systematic attrition in treated counties and are shown in table A2. averting expenditure value of $11.46, which increases to $17.50 after omitting metro counties. Note. The dependent variable in each model is yearly household bottled water expenditure. The coefficients estimates are based on eq. (2). The averting expenditure values are based on the coefficients on the treatment variables for the different levels of well activity. The first model includes all demographic controls and Mundlak effects; the second model includes the same set of covariates but drops all households located in metro counties. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
13
We also examine the potential that income effects associated with shale activity were responsible for the increases in expenditure on bottled water, which is presumably a normal good and would command a greater expenditure if incomes were to rise. To examine this, we use data on non-beverage normal goods and estimate our yearly Note. This table shows results for two yearly DDD models estimated: (1) after dropping all border counties-all non-well counties that border well counties in both Pennsylvania and Ohio, and (2) after dropping both border counties and all households in metro counties. The models are estimated based on eq. (3). The averting expenditure values are generated using the coefficient values on the treatment effects variables for the year 2010. All models includes demographic controls and Mundlak effects. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level. Note. The dependent variable in each model is yearly household bottled water consumption, in ounces. The coefficients are estimated by eq. (3), and each model includes, in addition to the demographic controls, the median price per ounce of water paid by each household in each year. The averting expenditure value from each model is generated by multiplying the coefficient value on the treatment effect variable for the year 2010 by the mean price per ounce of water across all households in the treated counties in the year 2010. The first model is a full version of eq. (3) with demographics controls and Mundlak effects; the second model includes the same set of covariates but drops all households in metro counties. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
DDD treatment effects models using a variety of food categories. In table 11, we estimate the model using the full sample, and in table 12 we estimate it after excluding all metro counties. We find virtually no statistically significant treatment effects in the years 2009 and 2010 across all five food categories. In specifications with significant treatment effects, the results indicate a decrease in expenditure rather than an increase, which is the opposite of what one would expect if income effects were driving our findings. Overall, these findings suggest that unobserved income effects are unlikely to be driving the increased expenditures we observe for bottled water. Our final set of results directly addresses realized risks in the Pittsburgh region using data from Allegheny and Washington Counties on Safe Drinking Water Act (SDWA) violations obtained from the Environmental Protection Agency (EPA). There was public concern in the Pittsburgh region over potential contamination from total trihalomethanes (TTHMs), which are by-products produced by using chlorine to treat wastewater in the presence of brine (States et al. 2013) . In 2010, the Pittsburgh water and sewer authority experienced increases in TTHMs coinciding with a time period in which Pennsylvania permitted shale drillers to dispose of wastewater in local municipal treatment plants that were likely unable to fully remove dissolved solids contained in the wastewater. This led to concerns that this disposal method could potentially be related to the increase in TTHMs found in the drinking water for Pittsburgh and eventually led Pennsylvania to stop this form of wastewater disposal (Abdalla et al. 2012 ). While we cannot directly link these violations to shale activity, it nevertheless enables us to provide a per violation measure of increased bottled water purchases associated with actual risks which were required by law to be communicated to residents following their discovery.
We are limited in our ability to directly determine which Nielsen households experienced notifications of SDWA violations as we only observe Nielsen households at a county level where multiple water providers operate. As a result, we have narrowed our focus to the Pittsburgh region including Allegheny County and Washington County as we are more likely to observe Nielsen households on public water in these highly urban counties. We obtained, from the EPA, a measure of all community water system violations associated with TTHMs. Using these data, we regress yearly household bottled water expenditure for households in these counties on a count of the number of yearly violations in each county and on a set of demographic controls, county fixed effects, year fixed effects, and demographic means. Our data on SDWA TTHM violations reveals that violations occurred in this region each year from 2005 through 2010. This patterns reflects the fact that TTHM violations are likely associated with a wide range of industrial activity and not simply shale wastewater disposal. However, violations across all water providers did increase over this time period While not directly comparable to our measure of shale-related risks due to the different treatment effects-actual violations versus presence and/or quantity of shale with yearly household expenditure on all of the products from each of the categories listed in the table. The purpose of estimating these models is to try to gauge whether there are income effects associated with the increased gas drilling in our treatment counties-i.e., whether all of the increased expenditure on bottled water is a result of rising incomes and not of increases in risk perceptions. Each category represents a different set of products that households may increase their expenditure on if their incomes rose as a result of increased drilling activity. Each model includes a full set of demographics controls and Mundlak variables. The standard errors are clustered at the county-by-year level. N p 27,544. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level. activity-examining realized risks provides direct evidence of averting expenditure and establishes that expenditure responses to water risks were occurring in our study region during this period. Estimation results in table 13 show that households do respond to actual risks with the marginal increase in bottled water expenditure increasing by $2.24 for each additional SDWA TTHM violation. We expect that this measure is a lower bound due to the inability of the data to directly link Nielsen households to water providers. Nevertheless, this provides direct evidence that households did respond to drinking water risks through increased averting expenditure.
DISCUSSION AND CONCLUSIONS
This paper estimates a wide range of DD and DDD models to recover estimates of the averting expenditure caused by increased unconventional shale gas activity in Pennsylvania. Our results reveal a large, robust increase in averting expenditure associated with shale gas activity that has been overlooked in much of the existing research on potential environmental impacts of shale development and is not currently addressed in existing policy. While efforts to impose severance taxes and establish environmental contingency funds are widespread, these monetary forms of compensation at best flow to local authorities and in many cases are simply held for contingency plans. Note. The model includes demographic controls, vounty fixed effects, year fixed effects, and Mundlak effects. The model is estimated using a sample that drops all households located outside Allegheny County, PA, and Washington County, PA. The standard errors are clustered by county and year.
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Wrenn, Klaiber, and Jaenicke 811 Table 14 provides a summary of the implied averting expenditure in each of our specifications when multiplied by the relevant affected population of households in Pennsylvania experiencing shale gas activity as of 2010. In our preferred DDD models with time-varying treatment effects, we find that per household averting expenditure ranged from a low of $10.74 in our full sample specification to a high of $18.36 in a sample of nonmetro and non-border county residents. Converting the sample average averting expenditure of $10.74 to an annual expenditure for the entire affected population implies an averting expenditure in Pennsylvania shale counties exceeding $19 million for the year 2010 that increased from $12.9 million in 2009. With ongoing averting expenditures in Pennsylvania shale counties rapidly increasing along with increases in shale activity, this research establishes ongoing, persistent negative welfare impacts from perceptions of environmental risk that accrue to a broad set of households-both rural and urban.
In contrast to much of the existing asset value and capitalization literature on potential impacts, our focus on bottled water in this paper presents a widespread opportunity for households to adjust behavior in response to environmental risks without requiring individuals to absorb large transactions costs, such as moving. Overall, our results suggest that there exists an immediate need for policy makers to consider issues related to both asset value capitalization and averting behavior to reassure and reduce potentially misplaced environmental risk perceptions. One option, which is currently ongoing, is mandated water testing of groundwater wells. Another possibility is to the establishment of policies directed at addressing losses and potential compensation.
To provide some context to our results, in 2012 Pennsylvania adopted Act 13, which imposed an impact fee on shale production to be used to offset potential negative externalities associated with shale development and return funds to local communities. In the year 2013, over $220 million was collected for these purposes.
14 Our findings, from 2010, suggest that households spent nearly 10% of this total amount in averting expenditure, a welfare loss that is not presently accounted for in public planning legislation associated with Act 13. This suggests that substantial welfare improvements could be possible through increased education, water quality testing, and other assurances of public drinking water safety that would reduce averting expenditure in cases where water contamination is absent. Note. This table presents calculations for the total averting expenditure increase realized in the treatment counties in Pennsylvania relative to the rest of the counties in Pennsylvania and Ohio. The average averting expenditure values are taken directly from the coefficients in the individual models. The number of households is based on the total population in the treated counties in Pennsylvania. The total number of households is derived by dividing total population by 2.48 persons per household. Note. Both models are estimated using eq. (3) and include demographic controls, Mundlak effects, and drop all households located in metro and border counties. Model 1 is estimated using a sample that drops all households located in treatment counties that are not present in the data both before and after the start of shale gas development. Model 2 is estimated by further excluding households from treatment counties that are not in the sample in every period. The standard errors are clustered at the county-by-year level. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level. Note. The dependent variable in the probit model is an indicator for a household's presence in the sample taking a value of one if present and zero if absent. The sample (N p 19,680) includes a squared data set of all households observed in the pretreatment period . Standard errors are clustered at the county-by-year level. Results indicate no systematic attrition in treated counties. * Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level. 
